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1. EXECUTIVE SUMMARY
Electrochemical impedance spectroscopy (EIS) is an important non-destructive tool that
allows for a deeper understanding of the electrochemical processes and mechanisms
occurring in an electrochemical cell. This technique requires the electrochemical cell to
be connected to a potentiostat with a frequency response analyzer. The potentiostat uses
the equilibrium potential of the electrochemical cell and makes adjustments to the
frequency of a small alternating current signal from high to low frequencies. The
impedance response of the cell changes with the frequency and is recorded. Data is
displayed on a Nyquist plot where the real and negative imaginary parts of the impedance
response are compared. Depending on the setup of the system and the properties of the
electrochemical interfaces involved the Nyquist plots show unique trends of various
shapes. Equivalent electrical circuits (EECs) are used to model the impedance data into
electrical components, such as resistors and capacitors, on a circuit. Different electrical
components have different electrical properties which are related to the response seen
on the Nyquist plot [1–6].
Gamry and Biologic systems contain their own software to analyze the frequency
response, but the software tools only support “simple” EEC that can easily be written as
fixed electrical components in some combination of series and parallel. Some models,
such as that proposed by Park and Macdonald [3],do not used lumped-element models,
instead the values of these components change with respect to their position. Park and
Macdonald’s EEC is a transmission line model (TLM), which has infinitely many cross
section layers of electrical components, that is used to represent a cylindrical shaped pore
in one dimension. Pores come in various geometries and are formed from pitting, where
a passive film experiences passivity breakdown and the underlying metal is exposed to
the electrolyte. Other researches, such as de Levie, have proposed other TLM that make
different assumptions about the properties of materials to reduce the complexity of the
system while maintaining its accuracy [7]. Using the TLM proposed by de Levie, Itagaki
et al proposed an EEC for a cylinder TLM based-fractal pore model [4, 5]. This uses three
layers of pores with micropores branching off of mesopores, mesopores branching from
macropores, and macropores being the large pores that are visible from the surface. The
fractal pore model does not used lumped-elements so there is not a simple circuit diagram
formed.
Due to the infinite number of components, it is impossible to fully write out a circuit
diagram for the TLM, but it can still be written out using mathematical equations. These
equations can be used with a computer to fit simulated data to experimental data. This
will enable scientists to characterize EIS data that cannot be fitted to models available in
the potentiostat’s software.
Python was selected as the primary programming language due to its popularity and
accessibility. A tool was developed that can fit simulated data to experimental data from
various EECs. The equations for several EECs were put into software and the parameters
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for the equations can be controlled by the user or by the computer. The user can fix any
parameters of their choosing, such as solution resistance or double-layer capacitance, by
using a graphical user interface. A publicly available Python library, lmfit, will then work
with the equation and will adjust the free parameters to fit simulated data to the
experimental data. The results from the fitting are displayed on a Nyquist plot and the
final parameter values from the fitting are reported.
To test the validity of the fitting tool simulated data was generated using the tool. An initial
guess was formed by using different values for the parameter. The tool was then allowed
to try to recreate the simulated data by starting the fit with the guess parameters. The
TLM developed by Park and Macdonald and the fractal pore model developed by Itagaki
et al. were used to validate the fitting capabilities of the Python tool. The tool was able to
generate a fit that matched the simulated data. However, in the case of the TLM, the fit
was graphically identical, but the values of the parameters for the simulated data and the
fit were not identical. In the case of the fractal pore model, the fitted parameters were
identical to the simulated data. Both models required some parameters to be fit to run
due to the complexity of the EECs and the number of parameters. Some parameters,
such as solution resistance, are easily measured by hand and can be safely fixed. Other
parameters might cause near identical behaviors to the trends and cannot be easily
assumed, but the accuracy of initial guesses can help reduce the complications with the
calculations. Overall, there script was able to demonstrate its ability to solve complex
equations and fit simulated data to experimental data.
This tool will enable researchers to characterize EIS data that was previously unable to
be characterized due to the limitations of the current software tools available. Due to the
open source nature of the tool, any researcher can introduce their own EEC if they want
to work with an EEC that is not currently available. Additional work can be done to
increase the present number of EEC, such as looking into models for other pore
geometries. Additionally, a deeper understanding of lmfit could allow for improvements to
be made that will allow for equations with many parameters to be accurately solved in a
short period of time.
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2. INTRODUCTION
Electrochemical impedance spectroscopy (EIS) is a powerful non-destructive tool that
can be used to investigate electrochemical processes and mechanisms. EIS uses the
equilibrium potential of the electrochemical cell and applies a small alternating current
(AC) signal that sweeps from high to low frequencies. The impedance response of the
electrochemical cell is recorded using a potentiostat coupled with a frequency response
analyzer. Impedance data can be displayed on a Nyquist plot by comparing the real and
negative imaginary parts. The shape of the trend can provide useful information about the
interfaces involved in the oxidation process. Equivalent electrical circuits (EECs) can be
used to model the impedance data into electrical components such as resistors and
capacitors as seen in Figure 1[1–6].

Figure 1 Diagram of Simple Randles EEC. Rs is the resistance of the solution between the working and
reference electrode, CPE0 is the double-layer capacitance of the metal/solution interface, and Rct is the
charge transfer resistance of the double layer.
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Figure 2 Sample Nyquist plot of Simple Randles EEC.

Figure 2 shows a sample Nyquist plot of a simple Randles EEC, shown in Figure 1. It is
known for its simple semicircle and consists of three components: the solution resistance
(Rs), the charge transfer resistance (Rct), and the constant phase element (CPE). The
constant phase element is a component used to represent a non-ideal capacitor[8]. The
interactions between the components give a unique trend that can be represented with a
set of mathematical equations with values for the components as parameters. A computer
can then be used to quantify the parameters of the EEC by fitting the equations to a data
set. For the simple Randles EEC, this can be done by hand, but the more complex the
electrochemical interface, the more parameters are introduced. If a solid oxide interface
layer is formed and pores are produced, the number of electrochemical interfaces
increases which requires the use of a more complex EEC.
Electrochemical interfaces are not always homogenous, especially when the materials
are non-homogenous. Non-homogenous systems create more complex EECs.
Depending on the environment, steels might form a passivating layer of iron oxide. This
iron oxide layer will reduce the corrosion rates of the steel. In stainless steels, the passive
film will be comprised of Cr and Fe oxides. The passive film will act as another electrical
interface in parallel with the metal/solution interface. When this steel is placed in concrete
to make reinforced concrete, the concrete matrix adds a section comprised of a CPE in
parallel to a resistor to the steel in series which creates three time constants. This is
graphically demonstrated in Figure 3[9].
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Figure 3 Diagram of three time constant EEC of passive film forming steel in porous concrete mortar. Rs is
the solution resistance, CPEmortar is the double-layer capacitance of the pore mortar/solution interface,
Rmortar is the charge transfer resistance of the mortar double-layer, CPEfilmis the double-layer capacitance
of the passive film/solution interface, Rfilm is the charge transfer resistance of the film double layer, CPEdl is
the double-layer capacitance of the metal/solution interface, and Rct is the charge transfer resistance of the
double layer[9].
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Figure 4 Sample Nyquist plot of three time constant EEC.

Figure 4 depicts a sample trend of the three time constant EEC. Passive films or
protective coatings cause an additional hemisphere on the Nyquist plot.
In certain environments, such as those with chlorides, passivity breakdown can occur
resulting in the steel surface being exposed to the solution. Passivity breakdown causes
localized corrosion called pitting. The pitting creates a tunnel filled with a reactive
electrolyte called a pore. These pores can come in various geometries such as cylindrical,
bulb, and wedge. Different pore geometries offer different EEC, so there are unique
trends seen in a Nyquist plot[10]. This is demonstrated in Figure 5, where the different
pore geometries give different trends in the Nyquist plot.
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Figure 5 Sample Nyquist plot obtained from different responses due to pore geometry[10].

There are families of EEC for a given geometry where they make different assumptions
about the interfaces that dominate the behavior [2]. Park and Macdonald proposed a
design for a cylindrical pore transmission line model (TLM), described in Appendix. The
TLM also assumes non-uniform properties that change throughout the EEC. A
demonstration of a TLM is seen in Figure 6.
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Figure 6 Sample diagram of the transmission line model for cylindrical pore proposed by de Levie [4, 7].
Where Rsol is the solution resistance, R*sol is the solution resistance per unit length, and Z* is the impedance
per unit length.

Figure 7 Sample Nyquist plot of TLM EEC from Park and Macdonald [3].

Figure 7 depicts an example of a trend from a TLM developed by Park and Macdonald.
The model is based off a single cylindrical pore that is homogeneously filled with the
electrolyte. The potentials in the pore are planar in three dimensions but can be equated
to a transmission line to make it one dimensional. This allows for changes to be made
continuously through the pore as opposed to working with a lumped-element model, such
as a Randles circuit[3]. The model equation for this EEC has eleven parameters as there
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are two different electrochemical interfaces within the pore with their geometries,
resistances, and capacitances. de Levie proposes an alternative solution to the cylindrical
pore model that seeks to become more simplified by making assumptions about the
electrochemical properties [7]. This has been used to develop a cylindrical fractal pore
EEC.

Figure 8 Diagram of fractal behavior[7].

Fractals and rough electrode models have been proposed by de Levie[7]. These rough
electrodes are characterized by changes in typical geometric dimensions on the order of
10 nm to 0.1 mm. A diagram of fractal behavior is seen in Figure 8. Too many
assumptions were made with the simplistic EECs which result in poor fittings, due to the
lumped-element assumptions. A problem with TLM is that shallow pores cause significant
errors as the pore diameter becomes larger than the effective signal penetration depth.
Electrode roughness is usually shallow enough to make a TLM the wrong choice. The
one-dimensional nature is not always usable, instead, de Levie proposes equations to
add more detail without causing a dramatic increase in the complexity of the computations.
Assumptions include: the use of a two-electrode cell, macroscopic planar behavior but
microscopically rough, and that the electrodes are better conductors than the electrolyte.
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Itagaki et al. made a series of proposals for a cylinder-based fractal pore model[4, 5] that
is the motivation for this project.

Figure 9 Diagram of cylindrical fractal pore[5].

A demonstration of the design of the cylindrical fractal pore is seen in Figure 9. The
cylindrical fractal pore uses three pore levels arranged from largest to smallest: a
macropore, a mesopore, and a micropore. The properties of the mesopore are defined
by the micropore, and the macropore is defined by the mesopore. A diagram for the
cylindrical fractal pore EEC is seen in Figure 10 and the equation is described in the
Appendix. This uses a TLM with solution resistance and double layer capacitance at
different pore levels in the geometry to create transmission lines within transmission lines.
This creates a very complex, but practical model for fractal pores. Itagaki et al created
this model to work with activated carbon, but it is possible that the steel in reinforced
concrete can behave in a similar manner.
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Figure 10 Diagram of EEC for cylindrical fractal pore[4].

Figure 11 Sample Nyquist plot of Fractal
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Figure 11 depicts a sample trend line using the fractal pore EEC proposed by Itagaki et
al. Using de Levie’s cylindrical pore model as a basis, there are only eight parameters
because there is only one set of electrochemical double layers. However, this fractal pore
model only uses three layers: macropore, mesopore, and micropore. The mesopore and
micropore are scaled based on the properties of the macropore and the location of the
smaller pores on the wall of the larger pore. This trend is noticeably more complex around
the high-frequency range of the graph as there are several more interfaces present
compared to a single cylindrical pore.
Understanding the different EEC models can help researchers understand more about
the electrochemical interactions occurring during the experiment. It is important to have
a diverse toolset to make the characterization more accurate. Different elements are
added in different EEC as there are different interactions at the electrode interface, such
as a coated vs an uncoated sample. The tools available with Gamry and Biologic
potentiostats can fit non-TLM EECs, but there is not the ability to work with the TLM
models for cylindrical or fractal cylindrical pores. As the Gamry and Biologic software
cannot manage these models, it is necessary to develop software that can manage these
models.
3. EXPERIMENTAL AND COMPUTATIONAL FITTING MODEL
The programming language Python was used to develop an open-source tool at The
University of Akron that allows a user to fit EIS data to a select set of models or to generate
their theoretical trends. Currently, there is support for six different EEC models with the
ability to introduce more models later. There are models for simple Randles [8], complex
Randles circuit with Warburg diffusion element [11], pseudocapacitor [12], transmission
line [3], mortar transmission line [1], and fractal pore [4]. The first three are simple models
that only introduce a few variables, while the latter three have several parameters in
complex equations.
The mathematical equations for each of the EECs were written out as functions. The
functions take the parameters for the specific model used. A graphical user interface
(GUI) is used to help the user insert interact with the program. The user can select an
EEC model from a list and is taken to a menu that displays all the available parameters.
The user can load EIS data generated by Gamry or Biologic potentiostats. With the
experimental data loaded, the program fits a curve by automatically adjusting the
available parameters. The user can define initial guess values for the parameters and can
lock the values of certain parameters from being adjusted if they are already known. If
experimental data is not supplied, the program can be used as a calculator, where it can
generate a graph given a set of parameters.
The fitting is performed using the lmfit library for Python as this can work with complex
numbers, unlike the other solver libraries that were used during development. lmfit is an
open source library that provides non-linear least-squares minimization and curve fitting
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and is an extension of the least-squares function in the scipy library to allow for complex
numbers to be handled. scipy uses the Levenberg-Marquardt algorithm (LMA), which can
solve non-linear least-square problems. It is important to be able to work with complex
numbers as the impedance data has real and imaginary components. LMA interpolates
between the Gauss-Newton algorithm and the gradient descent method allowing for a
more robust method for solving least-squares problems by allowing for initial guesses that
are farther away from the solution. The solver works by taking the equation for an EEC
as an input along with its various parameters. To assist with the calculations, realistic
ranges are defined for the fitting tool. For example, the degree of capacitance for a
constant phase element is between 0 and 1, so these limits are placed on the parameter
for the solver. The program then uses the values defined by the user, or the default values
if left unchanged, to use as an initial guess in the fitting. Up to 5000 iterations are made,
but after a set number of iterations, the program gives the parameters of the final iteration.
There does not seem to be a way to improve the number of cycles counts or to temporarily
reduce the number of free parameters when fitting since some of the parameters are not
dependent on each other. For EECs with several parameters in a complex equation, it
could be difficult to get a good fit.
A demonstration of the GUI and the fitting is seen in Figure 12. In the upper left corner,
the diagram for the current selected model is shown, in this figure it is using a transmission
line with a mortar in series. Below the diagram is a listing of the available parameters with
a check box next to it that can fix the value of the parameter. On the bottom, there is the
option to load data, fit data, and return to the model selection menu. On the right side of
the diagram is the Nyquist plot showing the experimental data and the best fit along with
the parameters of the best fit, including measurement uncertainty.
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Figure 12 Demonstration of GUI and fitting capabilities of the Python EIS modeling tool.

4. RESULTS AND DISCUSSION
To evaluate the calculations of the program, the first goal was to duplicate the results
seen in the literature that proposed the equations. The EECs commonly found in EIS
fitting software was skipped as there already exists another tool that can be used to fit the
data. The first model evaluated was the TLM proposed by Park and Macdonald. Park and
Macdonald were developing a model to understand the mechanism of corrosion and film
growth for carbon steel in high temperature chloride-containing solutions[3].
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Figure 13 Sample Nyquist trends of the Park and Macdonald TLM for cylindrical pore with surface coverage
as the changing parameter. (a) Sample trends from Park and Macdonald [3], and (b) recreated trends using
the Python Script.

Figure 13(a)depicts a set of trends from Park and Macdonald where surface coverage is
the adjusted parameter. Figure 13(b)is a set of trends generated by the Python script
using the parameters described in Figure 13(a). The trends are identical between the
figures, with the exception that Park and Macdonald extrapolated the semicircle trend to
the real impedance axis.
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Figure 14 Sample Nyquist trends of the Park and Macdonald TLM for cylindrical pore with film thickness
being the changing parameter. (a) Sample trends from Park and Macdonald [3], and (b) recreated trends
using Python Script.

Figure 14(a)depicts another set of trends from Park and Macdonald with the thickness of
the film being the adjusted parameter. Figure 14(b) is a set of trends generated by the
Python script using the parameters described in Figure 14(a). Again, the trends follow
closely.
To demonstrate the effectiveness of the fitting tool, three trends were generated:
simulated data, guess, and best fit. The simulated data is a set of parameters plugged
directly into the equation to generate a set of data without noise, the guess was a set of
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parameters used as the initial guess for the fitting, and the best fit is the trend generated
from the parameters of the final fit from the tool.

Figure 15 Sample trends demonstrating the fitting capabilities of the Python script for the TLM. The
simulated data is in black, the guess data is the blue dashed line, and the best fit is the gold line.

Figure 15 depicts a demonstration of the fitting capabilities of the Python script. In this
fitting, the simulated data is in black, the guess data is the blue dashed line, and the best
fit is the gold line. A clear difference is seen between the guess and best-fit trends, so
changes were made. Additionally, the best fit line appears to show a similar trend to the
simulated data line.
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Table 1 describes the values of the different parameters in the TLM across the three
different trends. While the Nyquist plot in Figure 15 is convincing that the fitting is working
properly. However, this should not be taken as absolute as the differences in the values
for the parameters between the best fit and the actual data can be large. Examples of this
would be Rw where the initial guess was the same value as the simulated data, but during
the fitting process, it was changed.
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Table 1 Parameter values from an initial guess, best fit, and the simulated trends for TLM. Parameters in
bold were fixed from changing.

Parameter
Rho_m
Rho_s
Rb
Cb
Rw
Cw
L
Theta
A
Ru
n

Guess

Best Fit

Simulated

112
18
20
6.0x10-3
104
2x10-4
0.11
0.1
0.8
0
105

195.2
18.12
23.33
7.5x10-3
1.8x104
1.1x10-3
0.095
0.1603
0.2413
0
105

116
18.5
25
7.0x10-3
104
2x10-3
0.10
0.1
1
0
105

The other milestone EEC is the fractal pore model developed by Itagaki et al. In their
report, the goal was to simulate the a porous activated carbon electrode in an undescribed
electrolyte [4]. Like the TLM, the first goal was to duplicate the results found in the paper
using the described parameters. This model only uses eight parameters compared to the
TLM’s nine parameters. While this would seem to be a less complex system, the fractal
behavior uses the parameters for the macropore level and generates more parameters
for the mesopore and micropore levels.
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Figure 16 Sample Nyquist trends of the Itagaki et al fractal pore model where the ratio of double layer parts
is the adjustable parameter (a) Sample trends from Itagaki et al [4], ε = 0 (circle), ε = 0.5 (square), and ε =
1 (triangle) and (b) recreated trends using the Python script.

Figure 16(a) depicts a set of sample curves from Itagaki et al[4]. The parameters
described in the paper were duplicated in the Python script and are seen in Figure 16(b).
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There is a noticeable spacing difference around the 200 Ω region. It is uncertain what is
causing this difference, although mistypes were found in the original equation.
To demonstrate the fitting capabilities of the fractal pore model, a similar process to the
TLM demonstration was completed.

Figure 17 Sample trends demonstrating the fitting capabilities of the Python script for the fractal pore model.
The simulated data is in black, the guess data is the blue dashed line, and the best fit is the gold line.

Figure 17 demonstrates the fitting capabilities of the Python script with the fractal pore
model. A similar case is seen compared with the TLM where the best fit data appears to
align closely with the simulated data.
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Table 2 shows that the fitted data is identical to the simulated data. This model fits better
than the TLM. This could be because there are fewer input parameters, and the fractal
behavior is easier to solve since it scales.
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Table 2 Parameter values from an initial guess, best fit, and the simulated trends for the fractal pore
model. Parameters in bold were fixed from changing.

Parameter Guess
Best Fit Simulated
0
0
0
Rs
60x10-7
75x10-7
75x10-7
Xma
50x10-7
50x10-7
50x10-7
ama
2x10-5
1x10-5
1x10-5
Cdl
2.5x108
2.5x108
2.5x108
ρ
2.2x1011
2x1011
2x1011
nma
0.4
0.2
0.2
S
0.2
5.45x10-13
0
ε
In the case of both fitting parameters, it is very easy to raise errors in the script. It seems
that having more than two-thirds of the parameters free causes the script to cause issues
by attempting to divide by zero or create infinity using the hyperbolic cotangents in the
equations, even with the parameter limitations created. The proper way to use these tools
would be to have a deep understanding of the materials in use and to make better
guesses on the values of the parameters. Fixing the value of parameters is very important
to ensure that the script makes steps in the right direction of its optimization, so it is
important to understand what each parameter does to the shape of the trend. This is
described more for the fractal model in a companion paper. One of the easiest parameters
to work with is the solution resistance (Rs), this makes an appearance in every EEC as
this represents the resistance between the working and reference electrode. It is in series
with the EEC and is graphically represented by a horizontal shift. The real component at
the highest frequency should be Rs. Fixing more values by understanding the material
that is being worked with will help to improve the fitting capabilities.
This tool is not using machine learning in the sense of a network with weighted data, so
it does not weigh any of the parameters off previous data. This tool is designed to work
universally, so it does not matter if the user is working with steel or with an aluminum alloy,
it will try to solve the equation the same way. Parameters will be different between every
system, so it is critical that the user understands the system in use instead of assuming
that the results of the fitting are correct. Additionally, the user should also adjust some of
the starting parameters in case the fitting tool gets trapped in a local minimum. It would
be possible to develop a more advanced tool that understands what realistic values are,
but that would require an immense amount of data and time. Instead, the tool is only
limited by minimum and maximum values where everything in between is of equal weight.
As it stands today, it would be infeasible to develop a machine learning model for EIS
fitting of these different models, instead, the user should better understand what realistic
values for the models are and assist the script as much as they can.
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5. CONCLUSIONS
EIS is a powerful non-destructive tool that can be used to record impedance data by
applying a small AC voltage in a range of frequencies. EECs can then be used to
parameterize the electrochemical system so it can be better understood from a physiochemical standpoint. EECs can be expressed as equations that take the different
elements of the EEC as inputs. These can be used to model EIS data, as seen in this
report. This idea can be expanded further, and programs can be written to fit the EEC to
experimental data.
Fitting model data to simulated data yields similar trend lines. However, depending on the
model used and the parameters that were left free, the resulting fitted parameters may
not be identical to the actual parameters. A good understanding of the models, interfaces,
and properties of the parameters is required to get the most out of the Python program.
Improvements in the computation abilities of the script can still be made, although since
the library was not developed in-house it is difficult to work with and improve. A potential
solution in the future could be to develop a machine learning algorithm that will determine
if the proposed fitted values are realistic for the specific interface, but this would require
a large amount of validated experimental data
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2 𝐶2
1 + 𝜔 2 𝑅𝑤
1 + 𝜔 2 𝑅𝑤
𝑤
𝑤
2

𝑛
𝑅𝑏
𝜔𝑅𝑏2 𝐶𝑏
(
−
𝑗
)
(1 − 𝜃)𝐴 1 + 𝜔 2 𝑅𝑏2 𝐶𝑏2
1 + 𝜔 2 𝑅𝑏2 𝐶𝑏2
𝑅𝑚 + 𝑅𝑠
𝛾=
𝑍
𝑍′ =

𝛿=

𝑅𝑚 + 𝑅𝑠
𝑍′

(3)
(4)
(5)
(6)

1

𝐶 = cosh(𝛾 2 𝑙)

(7)

1

𝑆 = 𝑠𝑖𝑛h(𝛾 2 𝑙)

(8)
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1

1

1 𝑅𝑚 𝑅𝑠 𝑙
2𝛾 2 𝑅𝑚 𝑅𝑠 + 𝛾 2 (𝑅𝑚 + 𝑅𝑠 )𝐶 + 𝛿𝑅𝑠 𝑆
𝑍𝑡 = 𝑅𝑢 +  (
+
)
1
1
𝑛 𝑅𝑚 + 𝑅𝑠
2
2
𝛾 (𝑅𝑚 + 𝑅𝑠 ) (𝛾 𝑆 + 𝛿𝐶)

(9)

where ρm is the resistivity of the film (Ω cm), ρs is the resistivity of the solution (Ω cm), n is the
number of pores, θ is the fraction of the total area that is covered with the film, Rb is the resistance
of the pore base (Ω cm2), Cb is the capacitance of the pore base (F cm-2), Rw is the resistance of
the pore wall (Ω cm2), Cw is the capacitance of the pore wall (F cm-2), l is the length of the pore
(cm), Ru is the solution resistance (cm), and ω is the angular frequency (rad s-1)

Itagaki et al Fractal Pore Model
The de Levie TLM serves as the basis for a model proposed by Itagaki et al. that converts
a fractal pore into three layers of pores, macropore, mesopore, and micropore. The
macropore is the largest of the pores and has its own electric double layer interface while
also containing mesopores. The mesopores have an electric double layer interface and
contain micropores with their own electric double interface. There is a relation between
the three pore levels called the ratio of electric double layer parts, denoted by ε and is a
value between 0 and 1. The ratio of double layer parts can be written as ε:(1-ε) or pore
wall vs pore base. Using the macropore as a reference, ε=0 would indicate that all the
macropore wall is the base for a mesopore and ε=1 indicates that there are no openings
for the mesopore on the wall of the macropore. The extreme values are not physically
possible, but values between 0.3 and 0.7 are physically possible. Following the de Levie
TLM model, a series of equations can be created[4, 5].
𝑍𝑚𝑎 =

∗
∗
𝑍𝑚𝑎
√𝑅𝑠𝑜𝑙𝑚𝑎

∗
𝑅𝑠𝑜𝑙𝑚𝑎
=

∗
𝑍𝑚𝑎

∗
𝑅𝑠𝑜𝑙𝑚𝑎
coth (√ ∗ ) 𝑋𝑚𝑎
𝑍𝑚𝑎

𝜌
𝜌
=
𝐴𝑚𝑎 √3 2
4 𝑎𝑚𝑎

∗∗
∗∗
𝑍𝑚𝑎
𝑍𝑚𝑎
=
=
𝐿𝑚𝑎 3𝑎𝑚𝑎

∗∗
𝑍𝑚𝑎
=

(11)

(12)

1
1
∗
+ 𝑗𝜔𝜀𝐶𝑑𝑙
𝑍𝑚𝑒
𝑛𝑚𝑒 (1 − 𝜀)

1
𝐴𝑚𝑒
A similar pattern is seen for the mesopore and micropore levels
𝑛𝑚𝑒 =

(10)

(13)

(14)
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∗
∗ coth (√
𝑍𝑚𝑒 = √𝑅𝑠𝑜𝑙𝑚𝑒
𝑍𝑚𝑒

∗
𝑅𝑠𝑜𝑙𝑚𝑒
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∗
𝑍𝑚𝑒

∗
𝑅𝑠𝑜𝑙𝑚𝑒
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∗
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𝜌
𝜌
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𝑍𝑚𝑒
𝑍𝑚𝑒
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=
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𝑍𝑚𝑒
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1
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𝑛𝑚𝑖 (1 − 𝜀)

(18)

𝑛𝑚𝑖 =
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𝐴𝑚𝑖

(19)

𝑍𝑚𝑖 =

∗
∗
𝑍𝑚𝑖
√𝑅𝑠𝑜𝑙𝑚𝑖

∗
𝑅𝑠𝑜𝑙𝑚𝑖
=

𝑅∗
) 𝑋𝑚𝑖
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∗
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𝜌
𝜌
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∗
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𝑍𝑚𝑖
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𝐿𝑚𝑖 3𝑎𝑚𝑖

(22)

∗∗
𝑍𝑚𝑖
=

1
∗
𝑗𝜔𝜀𝐶𝑑𝑙

(23)

Where ρ is the resistivity of the electrolyte (Ω cm), Ama/me/mi are the cross-section area of
the pores (cm2), ama/me/mi are the side of the cross section of the trigonal pore (cm), C* dl
is the electrical double layer capacitance per unit area (F cm -2), nma/me/mi are the number
of pores per level, ε is the ratio of electric double layer parts, ω is the angular frequency
(rad s-1), Zma/me/mi is the impedance of the pores (Ω), R*sol ma/me/mi is the solution resistance
per unit length (Ω cm-1), Z**ma/me/mi is the interfacial impedance per unit area in the pore
(Ω cm2), and Xma/me/mi is the depth of the pore (cm)
Relationships are assumed for the equations, such as ρ and C*dl being identical for every
pore. Additionally, a similarity relationship is assumed between the pore levels. This
similarity ratio is represented as S and is a value between 0 and 1. The similarity ratio
can be used to describe the relationship between the pore depths and pore widths
between the different levels by the following equations.
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𝑋𝑚𝑒 = 𝑆𝑋𝑚𝑎

(24)

𝑎𝑚𝑒 = 𝑆𝑎𝑚𝑎

(25)

𝑋𝑚𝑖 = 𝑆 2 𝑋𝑚𝑎

(26)

𝑋𝑚𝑖 = 𝑆 2 𝑋𝑚𝑎

(27)

Therefore, a similarity ratio of 1 would say that the three pore levels are identical in scale
while a ratio of 0 would indicate that the mesopores and micropores do not exist. The
value for the similarity ratio should be around 0.2 as the mesopores are expected to be
present, but significantly smaller than the macropores.

